Early-replicating regions are euchromatic and compartmentalized in the nuclear interior, while late-replicating regions are heterochromatic and located in the nuclear/nucleolar periphery [1][2][3][4] . Genomewide RT profiles are cell-type specific 5 and correlate well with A (active) and B (inactive) subnuclear compartments defined by Hi-C (high-throughput chromosome conformation capture (3C)) 6, 7 . While the significance of RT remains unclear, it serves as an excellent forum in which to investigate the relationships among threedimensional (3D) genome organization, cell identity and cell-fate changes during development 2,5 . Our current view of RT regulation is largely based on cellpopulation analysis 2 , because commonly used genome-wide methods require at least several thousand S-phase cells fractionated by fluorescence-activated cell sorting (FACS) of ~10 6 cells followed by immunoprecipitation of bromodeoxyuridine (BrdU)-substituted DNA (BrdU-IP) 8, 9 , thus precluding single-cell analysis. However, even cells of the same type use different cohorts of replication origins in every cell cycle, resulting in heterogeneous origin usage among cells [10] [11] [12] . Although this can be observed by single-molecule analysis of DNA replication on extended DNA fibers, fluorescence in situ hybridization is required to identify the target DNA molecules, which are generally ~400 kb (ref.
I n mammalian cells, DNA replication is regulated at the level of megabase (Mb)-sized units called replication timing (RT) domains by the coordinated firing of multiple replication origins 1 . Early-replicating regions are euchromatic and compartmentalized in the nuclear interior, while late-replicating regions are heterochromatic and located in the nuclear/nucleolar periphery [1] [2] [3] [4] . Genomewide RT profiles are cell-type specific 5 and correlate well with A (active) and B (inactive) subnuclear compartments defined by Hi-C (high-throughput chromosome conformation capture (3C)) 6, 7 . While the significance of RT remains unclear, it serves as an excellent forum in which to investigate the relationships among threedimensional (3D) genome organization, cell identity and cell-fate changes during development 2, 5 . Our current view of RT regulation is largely based on cellpopulation analysis 2 , because commonly used genome-wide methods require at least several thousand S-phase cells fractionated by fluorescence-activated cell sorting (FACS) of ~10 6 cells followed by immunoprecipitation of bromodeoxyuridine (BrdU)-substituted DNA (BrdU-IP) 8, 9 , thus precluding single-cell analysis. However, even cells of the same type use different cohorts of replication origins in every cell cycle, resulting in heterogeneous origin usage among cells [10] [11] [12] . Although this can be observed by single-molecule analysis of DNA replication on extended DNA fibers, fluorescence in situ hybridization is required to identify the target DNA molecules, which are generally ~400 kb (ref. 12 ), making analysis of Mb-sized domains difficult.
A recent investigation into RT at the single-cell level in mice has revealed broad conservation of RT among cells and provided the first glimpse of the degree of variability, which is reportedly similar among cells and homologs and throughout the S phase 13 . However, the sources of variability, their relationship to developmental regulation of RT or allelic expression imbalance, and a quantitative assessment of the relationship of single-cell replication profiles to A/B compartments remain to be determined.
Here, we successfully devised a single-cell DNA replication sequencing method, scRepli-seq, that enables fine-resolution genome-wide replication profiling in single mammalian cells. By analyzing human TERT-RPE1 (hTERT-RPE1) cells and mESCs before and after differentiation, we present an improved singlecell-level understanding of mammalian DNA replication and 3D genome organization in a developmental context.
Results
A single-cell replication profiling method, scRepli-seq. Our routine RT assay is based on BrdU-IP from early-and late-S-phase cell populations fractionated by FACS. Relative enrichment of earlyand late-replicating DNA is analyzed genome wide, through either comparative genomic hybridization (CGH) microarrays or nextgeneration sequencing (NGS), thus generating a genome-wide RT map 8, 14 . We refrained from using the S/G1 copy number method [15] [16] [17] because the signal-to-noise ratio was much lower than that with BrdU-IP when using CGH microarrays 8 . However, because BrdU-IP is incompatible with single-cell analysis, we switched to a copy number-based method and tested how it compared with BrdU-IP when using NGS.
To distinguish early-and late-replicating DNA, we first used karyotypically stable hTERT-RPE1 cells 18 and collected 100 mid-Sphase and G1-phase (control) cells via FACS and isolated genomic DNA (gDNA) (Fig. 1a) . The gDNA samples were subjected to whole-genome amplification (WGA) followed by NGS (Fig. 1a) . Of approximately 4,000,000 (4 M) NGS reads, roughly 86% (~3.4 M) were aligned to the reference genome. After removal of duplicated and below-threshold mapping quality reads, ~50% (~2 M) of the total reads were recovered for further analysis. Mapped reads were counted in sliding windows of 200 kb at 40-kb intervals for both mid-S-phase and G1 cells (Fig. 1b) . The G1 cells showed a flat profile, suggesting that amplification bias was limited. In contrast, mid-S-phase cells exhibited variability along the chromosomes indicative of replicated/unreplicated DNA (Fig. 1b) . Then, 200-kb-window read counts were corrected for mappability by using G1 cells and divided by the median read count, which generated an RT plot from 100 mid-S-phase cells (Fig. 1b) that resembled the log 2 (early/late) plot from BrdU-IP experiments ( To test the applicability to single cells, we performed the same analysis by using single mid-S hTERT-RPE1 cells (Fig. 1a) . We were able to use roughly 50% of total NGS reads, similarly to when 100 cells were analyzed. The single-cell profiles were similar to each other and to the profiles from 100 cells or BrdU-IP (Fig. 1c-e) . Thus, by combining detection of single-cell copy number alteration 19 and A typical cell-cycle profile of mammalian cells stained with propidium iodide during FACS analysis is shown, along with the mid-S-and G1-phase sorting gates used. gDNA samples isolated from single or 100 cells were subject to NGS followed by RT profiling. b, RT profiling by copy number analysis. Mapped NGS reads of mid-S-phase cells were counted in sliding windows of 200 kb at 40-kb intervals to generate tag density plots (that is, counts per window normalized by total read counts); mappability was corrected by using G1 samples, and the numbers were further divided by the median read count (that is, median centering) to generate a log 2 ((corrected mid-S) ÷ median) RT plot. Shown are human chromosome (chr) 11 data from 100 hTERT-RPE1 G1 and mid-S-phase cells. c, Comparison of hTERT-RPE1 RT profiles derived from BrdU-IP population assays and 100 mid-S-phase cells and three single mid-S-phase cells, by using the copy number method on human chr11. d, The heat map shows the RT of 14 single mid-S hTERT-RPE1 cells, along with BrdU-IP population data on human chr11. The cells are ordered by Pearson's correlation-coefficient values against the 100-cell data average. The gray area represents unmappable genomic regions. e, Pearson correlation matrix of 14 single mid-S hTERT-RPE1 cells along with three G1 cells.
FACS, we successfully established a genome-wide single-cell DNA replication profiling method, scRepli-seq.
Replication-domain structure is conserved among cells. To explore the potential of scRepli-seq, we switched to the mESC system. By population BrdU-IP, naïve mESCs grown in 2i/LIF medium (containing MEK and GSK3 inhibitors (i) and leukemia inhibitory factor, LIF), a culture condition thought to maintain 'ground-state' pluripotency 20, 21 , were found to be almost indistinguishable from mESCs grown in FBS/LIF medium 5, 14 ( Supplementary Fig. 1a , R = 0.93), confirming a recent report 22 . BrdU-IP samples analyzed by CGH microarrays and NGS were indistinguishable ( Supplementary Fig. 1a , R = 0.99). Moreover, a copy number-based analysis of 200,000 early-S-phase mESCs without WGA produced results comparable to 100 mid-S-phase mESCs with WGA, negating amplification bias by WGA ( Supplementary Fig. 1b , R = 0.76~0.78). Finally, analyses of 100 mid-S-phase cells and 200,000 early-S-phase cells by the copy number method successfully detected known RT changes 14 identified by BrdU-IP ( Supplementary Fig. 1c-f ). By scRepli-seq of single mid-S mESCs, we found that the cells were similar to one another with conserved replication-domain structure (Fig. 2a) . Cell-to-cell stability of replication domains was also observed with day-7 differentiated mESCs (Fig. 2a) . These results, along with those from hTERT-RPE1 cells (Fig. 1c,d ), demonstrate that in mammals, replication-domain organization is conserved among cells.
Developmental changes are evident at the single-cell level.
Differentiation-induced RT changes were evident in most day-7 single cells analyzed (Fig. 2a) , for both late-to-early (LtoE; for example, Fig. 2a, region 1 ) and early-to-late changes (EtoL; for example, Fig. 2a , region 2). In fact, most changes were reproducible in the population data ( Supplementary Fig. 1f ). We found 3 out of 42 day-7 cells showing early replication of Rex2 (region 2), but this result was probably due to incomplete cell differentiation (Supplementary Fig. 2a-c ; additional data in Fig. 2a) .
The single-cell profiles appeared similar, but cell-to-cell heterogeneity was also evident (Fig. 2a) . However, in hierarchical clustering, single mESCs formed their own cluster distinct from day-7 or G1 cells (Fig. 2b) . Clustering analysis by t-distributed stochastic neighbor embedding (tSNE) also revealed their distinct distribution (Fig. 2c) , which was reproducible ( Supplementary Fig. 2d ). We conclude that cell-to-cell heterogeneity is confined, and scRepli-seq can reveal cell-type-specific profiles.
Because we analyzed only mid-S-phase cells, our temporal resolution was somewhat limited. However, the spatial resolution reached near-optimum level at only ~4 M NGS reads at 200-kb windows, because an increase from 4 M to 18 M reads did not improve the results (Fig. 2d) . Moreover, the temporal resolution issue was resolved by analysis of cells throughout S phase (discussed below). Taken together, our results indicate that scRepli-seq can identify Mb-sized replication domains and known RT changes in ways comparable to population data.
Heterogeneity is confined to a narrow S-phase time window.
Because DNA replication is a genome-duplication process, we were able to binarize the data, assign 'replicated/unreplicated' calls to each bin and quantify cell-to-cell heterogeneity. We used the AneuFinder package in R for binarization and calculated the percentage of the genome replicated (percentage replication score); that is, the time that each cell spent in S phase. A '25% replicated' cell was expected to have spent 25% of the S phase at the time of fixation. As expected, many of our mid-S-phase cells were 50-60% replicated (Fig. 3a) . We excluded cells outside the 40-70% range and focused on 45 mESCs and 35 day-7 cells, which were ordered by percentage replication scores (Fig. 3a) . The binarized profiles were globally similar by visual inspection but also showed some heterogeneity, which often corresponded to mid-S-replicating sequences (Fig. 3a) . Plotting the variability scores of all 80-kb bins against their population-average RT revealed that the highest cell-to-cell variability was observed for sequences replicated at roughly 60% S phase in mESCs and day-7 cells ( Fig. 3b, peak) . This peak coincided with the mean percentage replication score of individual cells (Fig. 3b, dotted line) , indicating that sequences being replicated at the time of fixation showed the largest cell-to-cell heterogeneity. After subdivision of data into three groups with 40-50%, 50-60% and 60-70% replication scores, the highest heterogeneity in each group corresponded to sequences replicated at 40-50%, 50-60% and 60-70% S-phase windows, respectively (Fig. 3c) . Thus, RT shows some variability around the time of replication.
We next subdivided the genome into one-percentile groups of bins with similar RT and measured the variability within each group; that is, within-cell variability (Fig. 3d) . Groups of bins with high variability were confined to a narrow S-phase time window (Fig. 3d, red) , with 68% of the variability (±1 s.d. from the mean) confined to within 22% of the S phase, or 2.2 h, assuming a 10-h S phase (Fig. 3e) . In addition, the percentage replication score of each cell positively correlated with high-variability bins (Fig. 3d) , with the within-cell variability peak matching the bins that were just being replicated (Fig. 3f ). Genomic bins with RT earlier and later than the within-cell variability peak were mostly replicated and unreplicated, respectively, in each cell (Fig. 3g) . We conclude that the levels of both cell-to-cell and within-cell heterogeneity in mid-S-phase cells are small and confined.
The degree of heterogeneity changes during S phase. Thus far, we analyzed only mid-S-phase cells for their heterogeneity. To address whether the degree of heterogeneity might be similar throughout the S phase, we performed scRepli-seq of mESCs from other S-phase windows ( Supplementary Fig. 2e ). Altogether, we obtained and binarized data from 129 single mESCs throughout the S phase (Fig. 3h) . To analyze the replication kinetics of each genomic bin, we fitted a sigmoid curve and calculated the gain (that is, slope), which served as a readout of heterogeneity (Fig. 3i , higher gain represents lower heterogeneity and vice versa). While the heterogeneity was variable among domains, its average was constant during mid-S phase, requiring only around 1.5 h to progress from 25% to 75% of cells replicated (defined as T width ), assuming a 10-h S phase (Fig. 3j ,k, 25% loess curve). In contrast, heterogeneity at the beginning and the end of S phase was much smaller and less variable than mid-S phase (T width : ~30 min). Thus, the cells appear to know exactly where to start and finish DNA replication.
Developmentally regulated regions exhibit heterogeneity. In search for additional factors, we investigated whether developmentally regulated sequences might exhibit heterogeneity. We defined constitutively early, constitutively late and developmentally regulated genomic bins from RT profiles of 28 cell types described in Dileep et al. 23 ( Supplementary Fig. 3a ). Constitutively early and constitutively late sequences were within the first 30% and the last 50% of the genome replicated, respectively, while developmentally regulated sequences were replicated throughout the S phase ( Supplementary Fig. 3b ). Using mid-S-phase datasets (40-70% replication), we calculated the cell-to-cell variability scores of constitutively early, constitutively late and developmentally regulated sequences, subdivided them into one-percentile groups of 80-kb bins with similar RT and plotted the average variability score of each one-percentile group (Fig. 4) . For 'developmentally regulated versus constitutively early' and 'developmentally regulated versus constitutively late' comparisons, we analyzed sequences replicated in 0-30% and 50-100% S phase, respectively (Fig. 4) . In mESCs, developmentally regulated sequences showed higher variability than constitutively early sequences, while they showed only slightly higher variability than constitutively late sequences (Fig. 4a,c) .
Interestingly, cell-to-cell variability of developmentally regulated sequences disappeared on differentiation (Fig. 4b,c) . Developmentally regulated sequences were further subdivided into four subcategories, EtoL, LtoE, EtoE and LtoL, on the basis of RT behaviors (Fig. 4d) . All four subcategories no longer showed higher heterogeneity on day 7, regardless of RT changes ( Fig. 4e-g ), thus suggesting that the disappearance of cell-to-cell heterogeneity is unrelated to when RT changes occur.
Then, we analyzed 131 single mESCs distributed throughout the S phase, sorted by percentage replication scores, and subdivided them into 15-percentile groups of cells from the earliest to latest S phase (Fig. 4h, 18 overlapping groups) . For each group, we compared the replication state of either developmentally regulated versus constitutively early sequences replicated in 0-30% S phase, or developmentally regulated versus constitutively late sequences replicated within 50-100% S phase (Fig. 4h,i ). This time, we calculated percentage S-phase values of each genomic bin by scRepliseq instead of BrdU-IP (Fig. 4h,i) , realizing that the scRepli-seq and BrdU-IP data became less consistent toward the late S phase (Supplementary Fig. 3c ).
In agreement with the results in Fig. 4a , four 15-percentile groups exhibited significant difference in variability (Fig. 4h) . That is, earlyreplicating developmentally regulated sequences, when compared with constitutively early sequences, showed higher tendency of being unreplicated in 50-60% S-phase cells (Fig. 4h,i , group no. 2 for example), but not outside 50-60% S phase (Fig. 4h,i , group no. 1 for example). We did not find significant differences between developmentally regulated and constitutively late sequences, in agreement with the borderline difference in Fig. 4a and possibly because we used percentage S-phase values based on scRepli-seq. Taken together, our results indicated that sequences that will undergo EtoL RT changes later in development show higher cell-to-cell heterogeneity in mESCs, suggesting an interesting possibility that they may be structurally less well-defined, and their inherent instability may confer competence for developmental regulation. Moreover, early-replicating developmentally regulated sequences showed much smaller origin density than constitutively early sequences (Fig. 4j) 
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, which may also explain their higher heterogeneity.
scRepli-seq can detect the formation of the inactive X. We used CBMS1 mESCs, an F 1 hybrid derived from a cross between CBA (Mus shows differentials in BrdU-IP RT data before and after differentiation (day-7 mESCs). Regions 1 and 2 are representative LtoE and EtoL switching regions, respectively. We found 3 out of 42 day-7 cells showing early replication of Rex2 (region 2), probably as a result of incomplete differentiation, because two of them also exhibited early replication of both X chromosomes and of early-to-late switching regions such as Dppa2 (the remaining one could not be binarized). Additional data can be found in Supplementary Figs. 2a , 2b, 7 and 9. b, Pearson correlation matrix heat map and a hierarchical clustering tree of mid-S and G1 single-cell RT profiles, showing distinct clusters of mESCs (n = 48), day-7 differentiated cells (n = 42), and G1 cells (n = 15), by using autosomal data. c, tSNE analysis showing the distinct distribution of mESCs (n = 48), day-7 differentiated cells (n = 42) and G1 cells (n = 15), by using autosomal data. d, Mouse chr4 replication profiles of three single cells sequenced at low (4 M) and high depth (18 M). . Because CBA and MsM are distantly related, frequent SNPs/indels allowed us to generate haplotype-resolved (allelespecific) data (Fig. 5a ). We generated reference genome sequences for CBA and MsM on the basis of SNPs/indels 26 and remapped the scRepli-seq data. Although the mapping rate was not high (~20%), probably because of our stringent criteria, we obtained haplotyperesolved data with sufficient resolution (Fig. 5b,c) .
In female mammals, the inactive X chromosome (Xi) replicates late [27] [28] [29] . Therefore, the X chromosomes in day-7 cells would tell us whether haplotype-resolved analysis is feasible. We analyzed mid-Sphase (40-70% S phase) mESCs and day-7 cells. In mESCs, the two X chromosomes exhibited very similar replication profiles containing both early-and late-replicating domains (Fig. 5b) . However, on day-7, most cells had one late-replicating Xi (Fig. 5c) , as also evident in the tSNE plot (Fig. 5d) . The earliest-replicating sequence on the Xi contained Xist (Fig. 5e) , a long noncoding RNA expressed from the Xi, in agreement with the relationship between early replication and transcription 4, 30 . These results make scRepli-seq the first epigenome profiling technology that can detect Xi formation in single cells and also serve as a proof of principle for the feasibility of haplotyperesolved analysis.
Homologous autosomes show similar RT. Figure 6a shows haplotype-resolved, binarized mid-S scRepli-seq profiles of mESCs. The single-cell data resembled the population data, while homologous Supplementary  Figs. 7 and 9 . d, tSNE analysis of X chromosomes in mESCs (n = 31) and day-7 cells (n = 28). The upper-right population (highlighted in orange) corresponds to the later-replicating X in Fig. 5c and indicates that XCI was skewed in CBMS1 (CBA-derived X frequently becomes the Xi, 19/23 = 83%). While XCI is known to be random with respect to the parental origin, this skewing was expected in F 1 -hybrid cells derived from a cross between two distantly related mouse subspecies and is probably due to the X-chromosome controlling element (Xce) locus subtype combination effect 50 . Additional data can be found in Supplementary Fig. 9 . e, A magnified view of a region surrounding the Xist locus in day-7 cells, which is the earliest replicating sequence on the Xi. chromosomes exhibited similar replication profiles (Fig. 6a and Supplementary Fig. 4) , as was also the case on day 7 ( Fig. 6b and Supplementary Fig. 4 ). Roughly 80% of the genome exhibited the same replication state between homologs in single cells (Fig. 6c) . The remaining ~20% showed replication asynchrony (E/L), frequently seen in regions just being replicated (Fig. 6c ). Genomic bins with high E/L frequency were confined to a relatively narrow time window, with 68% of the variability (±1 s.d. from the median) confined to within 36% of the S phase (Fig. 6c) . In addition, the population-average RT of the E/L frequency peak showed a tight correlation with percentage replication score (Fig. 6c) . Thus, asynchronous replication patterns exist in cells, but normally the unreplicated homolog will soon complete its replication.
Allelic replication differences lost after differentiation. By visual inspection, local allelic differences observed in mESCs by BrdU-IP were nearly absent after differentiation (Fig. 6a,b, CBA-MsM) . Consistently, according to tSNE analysis, single-cell autosomal replication profiles of CBA and MsM were closer to each other in day-7 cells than in mESCs (Fig. 6d,e) . Similarly, we observed higher significant allelic differences in mESCs than in day-7 cells by scRepliseq ( Fig. 6f , P < 0.05) and by BrdU-IP (Fig. 6a ,b,g; P < 0.05), findings reminiscent of the RT heterogeneity of developmentally regulated sequences in mESCs becoming less pronounced after differentiation (Fig. 4) . Collectively, these results indicated an interesting possibility that early embryonic development may be accompanied by a global loss of between-cell and between-homolog RT heterogeneity, in agreement with a recent report 22 .
Allelic expression imbalance and replication asynchrony.
Although we have emphasized the stability of RT regulation, certain genomic regions exhibited allelic asynchrony by BrdU-IP. To determine whether we could observe allelic asynchrony in single cells, we analyzed 125 mESC scRepli-seq data throughout the S phase (Fig.  6h) . Some cells clearly exhibited replication asynchrony for some loci, which constituted 11.1% of the genome (a cutoff of P < 0.05). Using the percentage of unreplicated cells as an RT readout, we observed replication asynchrony throughout the S phase (Fig. 6i) .
Asynchronous replication is often associated with allelic expression imbalance 31 . We performed haplotype-resolved population RNA-seq using CBMS1 mESCs and asked how allelic expression imbalance relates to asynchronous replication. We generated a list of genes showing allelic expression imbalance and analyzed their RT asynchrony. We found a strong correlation between higher expression and earlier replication, whether CBA or MsM, and this coordination became more apparent with a higher cutoff for replication asynchrony (Fig. 6j and Supplementary Fig. 5a ). The 'uncoordinated' genes often had nearby genes that showed the opposite allelic expression imbalance, which could explain the lack of relationship. For instance, four out of five 'uncoordinated' genes with replication asynchrony of >0.15 in Fig. 6j showed this property.
Next, we generated a list of chromosomal regions that showed replication asynchrony and analyzed the allelic expression state of genes in such domains. Again, genes with allelic expression imbalance showed a preference for coordination between higher expression and earlier replication ( Fig. 6k and Supplementary Fig. 5b ). However, we often found replication asynchrony without allelic expression imbalance, indicating that the relationship is not one to one. Nonetheless, a coordinated relationship between earlier replication and higher expression is certainly present. We also analyzed genomic-imprinting genes, which are known to associate with asynchronous replication 31 . A mildly coordinated relationship between allelic expression imbalance and replication asynchrony seemed to exist for imprinting genes, although the number of genes was too small to show statistical significance (Supplementary Fig. 6 ).
scRepli-seq can predict A/B compartments defined by Hi-C. RT profiles closely resemble the A/B compartments as assayed by Hi-C 7 . CBMS1 mESC scRepli-seq data sets showed high correlations with the mESC Hi-C A/B-compartment profile (Fig. 7a-c) , indicating that scRepli-seq could predict A/B compartments in single cells. This is valuable, given that although single-cell Hi-C is feasible, low resolution still precludes identification of A/B compartments purely from raw single-cell Hi-C data [32] [33] [34] . Moreover, the conservation of scRepli-seq profiles between individual cells suggests an intriguing possibility that A/B-compartment organization may also be conserved between cells. Because scRepli-seq simply reads the genome, it can also detect copy number alterations, providing clues regarding the timing of karyotypic alterations during cell culture or differentiation (Supplementary Fig. 7 ;Methods).
Discussion
In this study, we performed in-depth analyses of genome-wide single-cell DNA replication profiles generated by our scRepli-seq technology. Our results demonstrate that (i) DNA replication domains in mice and humans are stable Mb-sized structures that are highly conserved between cells and homologous chromosomes; (ii) DNA replication-domain organization is cell-type specific even at the single-cell level; (iii) the cell-to-cell RT heterogeneity is small during mid-S phase but is even smaller at the beginning and the end of S phase; (iv) developmentally regulated RT domains exhibit higher cell-to-cell heterogeneity than constitutive regions in mESCs, which is diminished on differentiation; (v) allelic expression imbalance is often accompanied by replication asynchrony and (vi) scRepliseq profiles correlate well with A/B compartments, suggesting an intriguing possibility that A/B-compartment organization may be conserved between cells. Together, our data substantially update the current model of DNA replication regulation.
In the prevailing view based on population studies, DNA replication in mammals is regulated at the level of Mb-sized domains by clusters of replication origins that fire stochastically yet nearly synchronously in each cell 2, 11, 35 . Our single-cell data were roughly consistent with this view and demonstrated the stability of RT regulation among cells. If we look closely, however, there are factors that affect RT stability between cells or homologs.
The first obvious factor was the cell cycle, with the earliest and the latest replicating domains in S phase exhibiting the least cell-tocell heterogeneity. The degree of heterogeneity became higher and more variable during mid-S phase, but the loess curve remained relatively constant (Fig. 3j,k) . Thus, the cells appear to know exactly where to start and finish DNA replication and complete it in a timely manner. The nearly deterministic RT of the earliest replicating sequences (that is, T width of only ~30 min, assuming a 10-h S phase) may be explained by their extremely high origin density ( Supplementary Fig. 2f ). The reason for the nearly deterministic RT at the end of S phase is at present unknown. The presence of three phases of distinct RT heterogeneity during S phase may be related to the distinct spatial patterns of DNA replication foci during S phase and may also reflect the difference in 3D genome architecture stability in different subnuclear compartments. Notably, spatial patterns of DNA replication foci could be altered by a single factor 36 . Second, we found a relatively large cell-to-cell RT heterogeneity of early-replicating developmentally regulated sequences in mESCs. Developmentally regulated sequences in human cells show an intermediate origin density that is smaller than that of constitutively early sequences but larger than that of constitutively late sequences 24 , which was conserved in mice (Fig. 4j) . Thus, the RT heterogeneity of earlyreplicating developmentally regulated sequences may be partly due to their lower origin density than that of constitutively early sequences. Interestingly, developmentally regulated sequences show poorer subnuclear compartmentalization than constitutive sequences during G1 when chromosomes reacquire their interphase structure 23 . This may . These cell numbers apply to c-f. Green bars, significant allelic differences (one-way analysis of variance (ANOVA), P < 0.05). c, RT difference between homologs. E/E, both replicated; L/L, both unreplicated; E/L, one replicated. Heat maps show mean E/L frequency within each one-percentile group of 400-kb bins with similar RT. Scatter plots show the relationship between the E/L frequency peak (mean percentage S-phase value of E/L frequency distribution) and percentage replication score. d, tSNE analysis of haplotype-resolved scRepli-seq profiles. e, Allelic RT differences assessed by tSNE distance. f,g, Percentages of significant allelic differences in the averaged scRepli-seq data by two-sided Fisher's exact test (P < 0.05) (f) and in BrdU-IP RT data by one-way ANOVA (P < 0.05) (g). h, Haplotype-resolved and binarized scRepli-seq profiles of 125 mESCs throughout the S phase. i, Density plots showing haplotype-resolved RT values of asynchronous loci (P < 0.05). n = 125. j, Allelic expression imbalance (>60% expression from either allele by allele-specific RNA-seq) and RT. Coordinated and uncoordinated represent more strongly expressed allele showing earlier and later replication, respectively. Analysis was done by using 400-kb bins. sc∆RT > 0.10 (or >0.15), 10% (or 15%) of cells showing earlier replication of one allele. k, Gene expression in asynchronous RT regions, which are defined as consecutive 400-kb bins with significant RT differences (one-way ANOVA, P < 0.05). Mixed, colocalization of genes with opposite allelic expression imbalance; biallelic, all expressed genes show biallelic expression; no expression, only genes with <10 reads.
be more pronounced in mESCs, reflecting their higher RT heterogeneity and more 'open' chromatin structure than that of differentiated cells [37] [38] [39] . The RT heterogeneity of early-replicating developmentally regulated sequences was reminiscent of facultative lamina-associated domains, which show developmental regulation of nuclear lamina association and exhibit cell-to-cell heterogeneity 40, 41 . However, the facultative lamina-associated domain heterogeneity is much higher, which suggests that they are probably distinct.
Third, haplotype-resolved RNA-seq and scRepli-seq analyses revealed that most genes that show allelic expression imbalance exhibited allelic replication asynchrony, with higher expression strongly correlating with earlier replication. With a more stringent replication asynchrony cutoff, almost all such genes showed coordination between higher expression and earlier replication (Fig. 6j and Supplementary Fig. 5a ). It is tempting to infer a causal relationship, but the opposite is not always the case; allelic replication asynchrony is frequently but not always associated with allelic expression imbalance ( Fig. 6k and Supplementary Fig. 5b ). Nonetheless, directionality clearly exists; the earlier-replicating allele exhibits higher expression much more than lower expression. Although highly speculative, multiple mechanisms may cause allelic replication asynchrony, and strong allelic gene expression might be one of them, causing earlier replication of the allele unless there are nearby genes with opposite allelic expression patterns. Even if this were the case, whether the cause is the act of transcription per se or the active chromatin state remains an open question. Alternatively, replication asynchrony might facilitate higher expression of the earlier-replicating alleles. However, this seems rather improbable, as there are domains with multiple genes with opposite allelic expression patterns, as well as many 'bystander' genes that are either biallelically expressed or silent.
Findings from a recent single-cell study investigating RT by copy number variation are largely consistent with our data 13 . However, they reported similar levels of RT stochasticity throughout the S phase 13 , which is different from what we observed. The discrepancy may be simply because we subdivided the cells into 19 S-phase time frames instead of two (early and late S), because we observed the same trend (that is, least heterogeneity at the beginning and the end of S phase) by using their data sets (Supplementary Fig. 8 ). Our study also found smaller heterogeneity throughout the S phase (Fig. 3j,k and Supplementary Fig. 8d,e) . A larger degree of heterogeneity may have arisen from analyzing haploid and diploid mESC lines altogether 13 . It may also be partly due to differences in the signal-to-noise ratio, that is, the breadth of coverage, between the two studies (not shown). Taken together, although RT is not completely deterministic, our interpretation is that the overall RT heterogeneity between cells is fairly small, and this is true especially at the beginning and the end of S phase.
To explain the stability of RT regulation, we need to assume an additional regulatory mechanism that specifies RT of Mb-sized domains in a timely manner despite stochastic origin firing, as has been suggested previously 2, 42 . We and others have shown that RT correlates well with A/B compartments defined by Hi-C 7, 43 (Fig. 7) . While their direct causal relationship remains unclear, subnuclear compartmentalization of the genome, that is, physical separation of A and B compartments, occurs during early G1 phase, as assayed by 4C-seq 23 (3C combined with sequencing), coincident with the establishment of an RT program 44 . This suggests that physical separation of A-compartment TADs and B-compartment TADs in early G1 might be involved in globally regulating RT in the upcoming S phase.
TADs and A/B compartments appear to be regulated independently, however, as factors required to maintain TAD organization are not required for A/B-compartment separation 45, 46 . Thus, this putative mechanism might guide TADs with similar properties to physically associate with each other to form A and B compartments, which in turn regulates RT but is not related to the formation of TADs per se. In addition, precise radial subnuclear positioning of TADs is clearly not important for regulating RT, since homologous chromosomal domains exhibit nearly identical RT (Fig. 6a,b) , and yet they often exhibit distinct radial subnuclear positions 47 . DNA fragments that underwent chromosomal rearrangements could retain their original RT only if the fragments were more than 500 kb long 48 . This suggests that a certain threshold DNA length is necessary for this putative mechanism to exert its effect.
Taken together, our scRepli-seq analysis markedly improves understanding of DNA replication regulation in single cells and provides insights into 3D genome organization. In addition, our scRepli-seq technology is a valuable addition to the existing single-cell epigenome profiling methods, including BS-seq, ATACseq, DNase I-seq, ChIP-seq, LaminB1 DamID, Hi-C and more 49 . While these technologies have opened doors to a single-cell era in molecular biology, many of them are still technically challenging. Because DNA replication domains are regulated at the Mb scale, scRepli-seq does not require high read depth per sample (Fig. 2d) . As a result, scRepli-seq generates affordable yet highly informative data that have sufficient resolution to visualize replication domains genome-wide in a manner comparable to population Repli-seq. The remarkable simplicity of scRepli-seq makes it well suited for combining with other technologies in the future to gain insights into the regulation of DNA replication and the 3D genome organization at an unprecedented resolution for a single-cell methodology.
URLs. Geneimprint, http://www.geneimprint.com/; MouseBook, http://www.mousebook.org/; NIG Mouse Genome Database, http:// molossinus.lab.nig.ac.jp/msmdb/index.jsp; Picard tool, http:// broadinstitute.github.io/picard/; hg19/mm9 blacklists, https://sites. google.com/site/anshulkundaje/projects/blacklists/; AneuFinder, http://bioconductor.org/packages/release/bioc/html/AneuFinder. html; R package Rtsne, https://github.com/jkrijthe/Rtsne/; Cool format Hi-C fragment data sets, https://github.com/mirnylab/cooler/ and ftp://cooler.csail.mit.edu/coolers; cworld package, https:// github.com/dekkerlab/cworld-dekker/; fermi, https://github.com/ lh3/fermi/.
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Methods
Cell culture and mESC differentiation. hTERT-RPE1 cells were grown in MEM-alpha supplemented with 10% FBS and penicillin/streptomycin. CBMS1 mESCs have been described 25 and were grown in 2i/LIF medium as described 51 . For differentiation, CBMS1 mESCs were differentiated to EpiLCs for 2 d and then switched to aggregation culture (EB/embryoid body culture) in Nunclon Sphera 96U-well plates (Thermo Fisher, no. 174925), starting from 2,000 EpiLCs per well exactly as described 51 , except for the use of plain GK15 medium 51 without any additional factors added during the aggregation culture. This process is practically identical to the SFEBq neural method of mESC differentiation (serum-free floating culture of EB-like aggregates with quick reaggregation) 52 , except that we started from EpiLCs instead of mESCs. In our hands, this resulted in efficient formation of neurectoderm cells, on the basis of gene expression after 7 d of differentiation (2 d to EpiLCs and then five additional days of EB culture). For FACS experiments, cells were fixed in 75% ethanol as described 5 after single-cell suspension with trypsin for day-7 EBs 53 .
Sample preparation for RT profiling of cell populations. We followed our routine BrdU-IP-based protocol as described 8 . For FACS, we used a Sony SH800 cell sorter in ultrapurity mode, fractionating early-and late-S-phase populations. The BrdU-IP protocol has been described in detail 8 , except that we used a Bioruptor UCD-250 (Sonic Bio) for gDNA sonication in high output mode, with on/off pulse times of 30 s/30 s for 6 min. After BrdU-IP, immunoprecipitated DNA samples were subjected to WGA with a GenomePlex kit (Sigma, WGA2) for CGH microarray analysis 8 and with a SeqPlex kit (Sigma, SEQXE) for NGS analysis. For CGH microarrays, we used the SurePrint G3 Mouse CGH 4 × 180 K Array from Agilent (G4839A), labeling early-and late-replicating DNA samples after WGA with Cy3 and Cy5 or vice versa, which was followed by overnight hybridization, washing and slide scanning, according to the manufacturer's instructions. For NGS analysis, NGS libraries were constructed from early-and late-replicating DNA after WGA with an NGS LTP Library Preparation Kit (KAPA, KK8232) according to the manufacturer's instructions and were subjected to NGS with an Illumina Hiseq 1500 system (CBMS1 mESCs). For NGS analysis on an Ion Proton system (hTERT-RPE1), NGS libraries were constructed by using the Ion Plus Core Module for AB Library Builder System (Thermo Fisher Scientific, no. 4477683) with Ion Xpress Barcode Adapters 1-16 Kit (Thermo Fisher Scientific, no. 4477683) according to the manufacturer's instructions. For a copy number-based analysis of the early-S-phase population ( Supplementary Fig. 1b) , 200,000 cells from the first half of S phase were sorted by FACS, and gDNA was isolated by using a Qiagen kit (Qiagen no. 69504, DNeasy Blood & Tissue Kit) and fragmented to 200-300 bp with a Covaris ultrasonicator (model: S220, tube: microTUBE snap-cap) according to the manufacturer's instructions (peak incident power, 175; duty factor, 10%; cycles per burst, 200; treatment time, 120), and this was followed by cleanup and size selection via Agencourt AMPure XP SPRI bead treatment (Beckman Coulter; first-and secondround size-selection, 0.6× and 1.8× reaction volume, respectively). The samples were then subjected to NGS library preparation and NGS as described above.
Sample preparation for RT profiling of single cells and 100 cells. Single (25% S, mid-S phase (50% S), 75% S) or 100 mid-S-phase or G1 cells were sorted with a Sony SH800 cell sorter by using single-cell mode. Sample preparations were based on Baslan et al. 19 . Single or 100 cells were sorted directly into a 96-well plate with 6 µl of cell lysis buffer (352 µl H 2 O, 1 µl of 10 mg/ml Proteinase K (Sigma, P4850), 16 µl 10× single-cell lysis and fragmentation buffer (Sigma, L1043)), incubated at 55 °C for 1 h and then at 99 °C for 4 min for gDNA isolation and fragmentation. Then, 6 µl of the gDNA solution was subjected to WGA with a SeqPlex kit (Sigma, SEQXE) in a 30-µl reaction volume, per the manufacturer's instructions. Amplified gDNA was purified and size-selected with Agencourt AMPure XP SPRI beads (1.7× reaction volume), and the SEQXE adapter sequence was removed by the primer removal enzyme Eco57I (Sigma, SEQXE). The gDNA was then purified with Agencourt AMPure XP SPRI beads (2.0× reaction volume) and eluted in 20 µl of 1/10× Elution Buffer (Qiagen). The DNA fragment size peak should be within 150-200 bp, which was confirmed by a capillary electrophoresis system, MultiNA (Shimadzu). We could easily distinguish single cells from zero or two cells by quantification of DNA with MultiNA, which provided reassurance that the gDNA was indeed derived from single cells. Then NGS libraries were constructed with an NGS LTP Library Preparation Kit (KAPA, KK8232) according to the manufacturer's instructions, with slight modifications based on Kadota et al. 54 . For a multiplex NGS runs, a SeqCap adapter kit A/B (Roche, 07141530001/07141548001) and NEXTflex DNA barcode (Bio Scientific, NOVA) were used. Finally, the samples were subjected to NGS on an Illumina Hiseq 1500 system (80-bp length, single-read or paired-end read).
NGS read mapping and allele-specific mapping. The raw Fastq files were trimmed to remove adapter sequences by using the cutadapt program 55 before mapping. For single-cell and 100-cell Repli-seq, we performed two-step adapter trimming, first removing the Illumina adapter on the basis of the index of each NGS library and then removing the SEQXE adapter. As the SEQXE adapter sequence was not available, we empirically estimated it as the sequence that repeatedly appeared near the 5′ end. Mouse and human reference genomes, mm9 (chr1-19, chrX, chrM and chrR (one copy of rDNA, GenBank BK000964.1)) and hg19 (chr1-22, chrX and chrM) assemblies, were used. For haplotype-resolved analysis, we constructed the CBMS1 mESC-specific diploid genome as described in Sakata et al. 56 with minor modifications: (i) fermi (v1.1-r751) with default options was used for de novo assembly of MsM genomic reads; (ii) the maximum indel length was 30 bp, and (iii) only variants located at informative positions between the CBA and MsM strains were considered. The NCBI Sequence Read Archive accession numbers of strain-specific genomic reads used were DRP000194 (MsM) and ERP000927 (CBA; only library 3888059) 26, 57 . Details on MsM can be found in the NIG Mouse Genome Database. For mapping, bwa 58 (v.0.7.10-r789) was used (command: bwa aln = > bwa samse). For mapping to mm9 or hg19 reference genomes, we used the Picard tool to remove duplicated reads and defined MAPQ >10 as uniquely mapped reads. For mapping to the CBA/MsM diploid genome, we defined MAPQ >16 as allele-specific reads and used the liftover tool (UCSC Genome Browser) to convert to the mm9 genome coordinates. Among the reads converted to mm9 coordinates, we filtered out duplicated reads that had an identical chromosome start position and strand information relating to an existing read. We also filtered out reads that overlapped with the hg19 and mm9 blacklists 59 .
Computations associated with the RT profiling of cell populations. After mapping, we followed an established standard analytical procedure for BrdU-IP population RT analysis using CGH microarrays 8 . For BrdU-IP population RT analysis by NGS, we counted the reads of early-and late-S-phase BrdU-IP samples in sliding windows of 200 kb at 40-kb or 80-kb intervals or in nonoverlapping 400-kb windows and performed reads per million (rpm) normalization. Then the ratio of early-S-phase to total read counts ((early-S reads)/(early-S reads + late-S reads)) was calculated for each bin, and their distribution was converted to fit within a ±1 scale; this value was defined as the BrdU-IP RT score of each bin. We filtered out bins whose total read counts were within the bottom 5% of all bins. For haplotype-resolved RT profiling, we followed the exact same procedures, using a 400-kb bin size. To convert the BrdU-IP RT values to the percentage S-phase values used in Figs. 3,4 and 6, we ranked the BrdU-IP RT values of all 80-kb bins (sliding windows of 200 kb at 80-kb intervals) or 400-kb bins throughout the genome from the earliest to the latest, and assigned the percentile rank of each bin as its percentage S-phase value; in these figures, we subdivided the genomic bins into one-percentile groups on the basis of their percentage S-phase value. For analysis of 200,000 early-S-phase and G1-control cell populations ( Supplementary Fig. 1b) , we counted the reads of early-S-phase and G1 cells in sliding windows of 200 kb at 40-kb intervals, performed rpm normalization in a manner identical to BrdU-IP NGS data processing, and defined log 2 ((early-S reads)/(G1 reads)) as the population early-S-phase RT score. For analysis of NGS data derived from 100 cells, we counted the reads of 100 mid-S-phase and G1 cells in sliding windows of 200 kb at 40-kb intervals and used the correctMappability command in the R package AneuFinder 60 for normalizing mid-S-phase data on the basis of G1 data. From the mappability-corrected mid-S-phase read counts, the genome-wide median was obtained and used to generate log 2 ((mappabilitycorrected mid-S reads) ÷ median) scores, which we defined as the 100-cell mid-S-phase RT score. Tag density values are defined as the read count per window divided by the total read count.
Computations associated with the RT profiling of single cells. For quality control of scRepli-seq data, we reasoned that using median-absolute-deviation (MAD) scores would be a simple and effective approach to filter out cells with problematic RT data distribution, because G1 and mid-S-phase cells are expected to show relatively small and large RT variability, respectively. For each cell, a MAD score was calculated for log 2 ((counted reads)/(genome-wide median of counted reads)) in nonoverlapping 200-kb windows, and we empirically filtered out cells with MAD scores >0.3 for G1 cells and <0.4 and >0.8 for mid-S-phase cells. The number (ratio) of cells in each group that passed these criteria was as follows: 4/4 (G1, hTERT-RPE1), 14/20 (mid-S, hTERT-RPE1), 5/5 (G1, mESCs), 34/36 (mid-S, mESCs), 6/7 (G1, day 7) and 43/52 (mid-S, day 7). For the G1 cells, we merged multiple (that is, three to five) cell samples and used these data as control data. To select high-quality G1 cells, we discarded samples with chromosomal instability, which was possible by using the findCNVs command in AneuFinder 60 with a 500-kb bin size [6-HMM options: method = 'HMM' , max. iter = 3,000, states = c('zero-inflation' , '0-somy' , '1-somy' , '2-somy' , '3-somy' , '4-somy' , '5-somy' , '6-somy'), eps = 0.01]. As a result, three-quarters of the hTERT-RPE1 cells, five out of five CBMS1 mESCs and three out of six day-7 cells in G1 phase had identical karyotypes and were merged to generate a control G1 single-cell data set in each cell type. For the analysis of single mid-S-phase cells, we counted the reads in sliding windows of 200 kb at 40-kb intervals and used AneuFinder's correctMappability command 60 for normalizing mid-S-phase data on the basis of the merged G1 control. From the mappability-corrected mid-S-phase read counts, the genome-wide median was obtained and was used to generate log 2 ((mappability-corrected mid-S reads)/median) scores, which we defined as the single-cell mid-S-phase RT score. At this point, one day-7 cell showed an uninterpretable profile on visual inspection on the IGV browser and was discarded from further analysis. For haplotype-resolved RT analysis of CBMS1, we applied AneuFinder's findCNVs command 60 to CBA and MsM data in
Pearson correlation matrix, hierarchical clustering and tSNE analysis of singlecell Repli-seq data. Single-cell mid-S-phase RT scores (in sliding windows of 200 kb at 40-kb intervals) within the median ±1.5× interquartile range, excluding the X-chromosome bins, were used to generate a Pearson correlation matrix and for hierarchical clustering analysis with Ward's method. For tSNE analysis, which is a dimensionality reduction technique to visualize relationships between highdimensional data sets, we used the R package Rtsne with the default setting, using sliding windows of 200 kb (or 1 Mb for haplotype-resolved assay) at 40-kb intervals. For the analysis of the X chromosomes in Fig. 6 , we limited the analysis to cells that retained two X chromosomes (31 mESCs and 26 day-7 cells).
Binarization of scRepli-seq data. Binarization was performed by using the mappability-corrected reads from 25% S, mid-S-phase (50% S), 75% S-phase cells described above by using the findCNVs command in AneuFinder 60 . For haplotype-unresolved analysis, nonoverlapping 80-kb/400-kb windows were analyzed [2-HMM; options for 25% S-phase cells: method = 'HMM' , max. iter = 3,000, states = c('zero-inflation' , '0-somy' , '1-somy' , '2-somy' , most.frequent. state = '1-somy'), eps = 0.01; options for 50% S-phase and 75% S-phase cells: method = 'HMM' , max.iter = 3,000, states = c('zero-inflation' , '0-somy' , '1-somy' , '2-somy' , most.frequent.state = '2-somy') eps = 0.01; 1-somy, unreplicated; 2-somy, replicated). For haplotype-resolved analysis, non-overlapping 400-kb windows were analyzed [2-HMM; options for 25% S-phase cells: method = 'HMM' , max. iter = 5,000, states = c('zero-inflation' , '0-somy' , '1-somy' , '2-somy' , most.frequent. state = '1-somy'), eps = 0.01; options for 50% S-phase cells and 75% S-phase cells: method = 'HMM' , max.iter = 5,000, states = c('zero-inflation' , '0-somy' , '1-somy' , '2-somy' , most.frequent.state = '2-somy') eps = 0.01].
Computation of variability scores, replication values and average RT scores of single cells. Cell-to-cell variability scores, ranging from 0 to 1, were calculated for each genomic bin by comparing binarized scRepli-seq data across cells. The variability score of a given bin was 0 when it was either replicated in all cells or unreplicated in all cells, and the score was 1 when it was replicated in 50% of all cells analyzed. 'N/A' cells were excluded from the analysis. To calculate within-cell variability scores, genomic bins were first subdivided into one-percentile groups on the basis of their BrdU-IP RT scores or single-cell RT values, with the earliest and latest replicating bins corresponding to 0-1% and 99-100% S-phase groups, respectively. Within each group, we calculated the rate of bins that were replicated versus unreplicated and converted this value to fit within 0 to 1, in a way nearly identical to the cell-to-cell variability calculation. Single-cell RT value of a given genomic bin was defined as the rate of cells that had not replicated the bin among the single cells (25% S, mid-S, 75% S). To calculate single-cell average RT scores (using only the mid-S-phase cells), we calculated the rate of replication of a given genomic bin among the mid-S-phase cell population analyzed, from which the mean RT of a given cell was subtracted for normalization. Fitting a Gaussian model to cell-to-cell variability score distribution. For both cell-to-cell and within-cell variability distribution, we fit a Gaussian model based on equation (1), where a, b and c are scaling factor, percentage S-phase score of the peak of cell-to-cell/within-cell variability and s.d., respectively. The start conditions were: a = 1, b = 50 and c = 10 [nls(y~(a*exp(−0.5*(x − b)^2/ (c^2))), start = list(a = 1, b = 50, c = 10))]. We calculated the mean (b) and s.d. (c) values, using the nls (nonlinear least squares) command of an R package, stats (x, percentage S-phase score; y, cell-to-cell or within-cell variability).
Estimation of RT heterogeneity from the slope of the sigmoid model.
To calculate the RT heterogeneity of each 80-kb genomic bin, we fitted a sigmoid model based on equation (2) in a manner similar to a method described previously 13 to explain how DNA replication proceeds during S phase for a given genomic bin. The g value is the gain (slope), the x is the S-phase time, and the M is the x intercept at the sigmoid's midpoint and represents when 50% of cells have replicated the bin. For model fitting, binarized scRepli-seq data of 129 mESCs throughout the S phase were sorted according to their percentage replication scores and subdivided into 15-percentile groups of cells from the earliest to latest S phase (we initially started with 131 cells but excluded two cells, owing to sigmoid fitting failure, hence the 129 cells). We took a sliding-window approach and analyzed 18 overlapping groups total from the earliest to latest S phase (in increments of 5%) and plotted the percentage of cells that had replicated in each group against their average percentage replication score (that is, average S-phase time), which was used for the model fitting. To minimize errors during sigmoid fitting, we added two pseudo-percentage replication scores, 0% and 100%, at the earliest end and the latest end of the 10-h S-phase time window, respectively. The starting conditions were: g = 1, and M = S-phase time of a given genomic bin on the basis of the singlecell RT values [nls(y ~ 100
We calculated the g and M values, using the nls (nonlinear least squares) command of an R package, stats. Once the model fitting is done, T width can be readily calculated, which is defined as the time taken to progress from 25% to 75% of cells replicated and correlates inversely with the g value.
Classification of mouse genomes into constitutively early, constitutively late and developmentally regulated sequences. A total of 28 mouse BrdU-IP RT data sets were analyzed at an 80-kb window size according to the method described by Dileep et al. 23 . Definitions of the constitutively early, constitutively late and developmentally regulated sequences were identical to the definitions of Dileep et al. 23 , except that our analysis was at an 80-kb bin size ( Supplementary  Fig. 2 ). Bins with BrdU-IP RT scores >0.5 in all 28 data sets and <-0.2 in all 28 data sets were defined as constitutively early and constitutively late sequences, respectively. Bins with the maximum and the minimum BrdU-IP RT scores of >0.5 and <-0.5 among the 28 data sets, respectively, were defined as developmentally regulated sequences. For constitutively early versus developmentally regulated and constitutively late versus developmentally regulated comparisons, sequences with BrdU-IP population RT scores or single-cell RT values within 0-30% and 50-100% S-phase ranges, respectively, were analyzed in one-percentile groups of the BrdU-IP population RT or single-cell RT values (that is, the mean variability score of each bin), followed by a permutation test (10,000 times) to calculate the one-sided P values on the basis of the difference in means (Fig. 4a-g ) or a bootstrap Kolmogorov-Smirnov test (1,000 bootstraps) by using the ks.boot command of an R package, Matching, to calculate the two-sided P values (Fig. 4h,i) . Definitions of the developmentally regulated sequence subcategories used in Fig. 4e -g are briefly described in Fig. 4d , but more specifically, among the developmentally regulated bins that are early replicating in mESCs, 'developmentally regulated (EtoL)' is a subset that undergoes EtoL RT changes on 7 d of differentiation (that is, RT scores change from 0-30% (E) to 50-100% S-phase (L)), and 'developmentally regulated (EtoE)' is a subset excluding the 'developmentally regulated (EtoL)' sequences. Likewise, among the developmentally regulated bins that are late replicating in mESCs, 'developmentally regulated (LtoE)' is a subset that undergoes LtoE RT changes on 7 d of differentiation (that is, the RT scores change from 50-100% (L) to 0-30% S phase (E)), and 'developmentally regulated (LtoL)' is a subset excluding the 'developmentally regulated (LtoE). '
Calculating origin density. A replication origin data set of mESCs generated by Cayrou et al. 61 was obtained from the NCBI GEO database (GSE68347, 'GSE68347_Initiation_Sites.bedGraph.gz'). We analyzed the origin density at 80-kb window intervals.
Identification of XO cells from mid-S-phase scRepli-seq data. After binarization of haplotype-resolved scRepli-seq data from mid-S-phase cells, we calculated the percentage of covered genomic bins on X chromosomes derived from CBA and MsM strains in each cell. The cells with one of the two X chromosomes having a percentage of covered genomic bins <1% were defined as XO cells.
Identification of allelic RT difference between homologs. We performed one-way ANOVA, treating the variances in the samples as equal, by using two independent experiments to compare BrdU-IP RT data sets with a 400-kb bin size, and bins with P < 0.05 were deemed significantly different. In the case of binarized scRepli-seq data comparison, we performed a two-sided Fisher's exact test, and bins with P < 0.05 were deemed significantly different. Genomic bins with more than 10% of total cells missing binarized data were excluded from the analysis. Consecutive genomic bins with unidirectional, significant allelic differences were defined as asynchronous RT regions.
RNA-seq and allele-specific RNA-seq analysis. Cells were lysed in TRI Reagent (Molecular Research Center, Inc., cat. TR 118) for total RNA extraction. For RNAseq, library preparation was performed by using 500 ng of total RNA according to the standard protocol of TruSeq Stranded mRNA Sample Prep Kit (Illumina). RNA-seq libraries were sequenced as 80-bp single-end reads by HiSeq 1500. Three biological replicates were analyzed (read count 8-9 M per replicate). Allele-specific RNA-seq analysis was carried out by using the CBA/MsM diploid genome, as described in Sakata et al. 56 We defined genes with allelic expression imbalance as those with a percentage of either MsM-or CBA-specific reads >60% (or >70%) among genes showing ten or more total reads (that is, CBA + MsM read numbers combined) and >0.1 fragments per kilobase of exon per million fragments mapped, in a nonallelic manner, in three biological replicates.
Hi-C and A/B-compartment calling. Hi-C data derived from J1 mESCs were used for the analysis 43 . Cool format Hi-C fragment data sets were downloaded from the cooler database (file name: Dixon2012-J1mESC-HindIII-allreps-filtered.frag.cool) and this .cool-format fragment file was converted to 400-kb bin resolution data sets by using the cooler tools and an in-house script. Normalization was performed by using the balance command of cooler using default parameters. Subsequently, A/B compartments were calculated by using the cworld package (matrix2compartment. pl, option: --ez).
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Statistical parameters
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the Methods section if additional space is needed).
n/a Confirmed The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)
A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same sample was measured repeatedly A statement indicating how many times each experiment was replicated
The statistical test(s) used and whether they are one-or two-sided Describe the software used to analyze the data in this study.
